Abstract. The integration of large-scale solar electricity production into the energy supply structures depends essentially on the precise advance knowledge of the available resource. Numerical weather prediction (NWP) models provide a reliable and comprehensive tool for short-and medium-range solar radiation forecasts. The methodology followed here is based on the WRF model. For CPV systems the primary energy source is the direct normal irradiance (DNI), which is dramatically affected by the presence of clouds. Therefore, the reliability of DNI forecasts is directly related to the accuracy of cloud information. Two aspects of this issue are discussed here: (i) the effect of the model's horizontal spatial resolution; and (ii) the effect of the spatial aggregation of the predicted irradiance. Results show that there is no improvement in DNI forecast skill at high spatial resolutions, except under clear-sky conditions. Furthermore, the spatial averaging of the predicted irradiance noticeably reduces their initial error.
INTRODUCTION
Technologies for harnessing the solar resource have experienced a significant development in recent years. Their future looks even more promising. The International Energy Agency expects that, according to a reference scenario, the world's installed solar power capacity will increase from 14 GW in 2008 to 119 GW in 2035, with a 8.3% average annual increase [1] . Therefore, the challenge for the next few years is to achieve a high level of development and integration, to make this resource competitive compared to traditional sources of energy, or even to more established renewable sources, like wind. A major effort is being made in this regard [2] . To achieve this goal, a key aspect concerns the resource itself (technology aside). The safe and optimal integration of large-scale solar electric power production into the energy grid of any country depends on the knowledge of the solar production capacity, which in turn is directly related to the available resource.
An important intrinsic characteristic of solar radiation is its very high variability over space and time, itself directly dependent on weather characteristics. This intermittency in the resource makes a solar plant's operation and management particularly difficult. It also makes solar production troublesome for grid system operators, since it is hardly controlled and may not be available when it would be of greatest value [1] . This ultimately translates into incremental exploitation and integration costs. Therefore, prior knowledge of the available resource of the near future is essential. Previous experience with the wind energy sector has shown that accurate forecasts play a key role toward the successful integration of variable energy sources.
CPV systems use the beam component of solar radiation-or direct normal irradiance (DNI)-as their energy source. DNI is primarily affected by clouds, aerosols, and water vapor. Clouds are normally the principal factor affecting the incident solar radiation at the earth's surface, since they are most often completely opaque to DNI. In contrast, aerosols are most influential under cloudless conditions. The uncertainty in the determination of the physical parameters associated with these atmospheric constituents is the main source of error in DNI predictions. This study focuses on how the latter is affected by cloudiness forecasts.
Numerical weather prediction (NWP) models have been proved to be powerful tools for solar radiation forecasting [3, 4] . One particular tool that is widely used by the research community is the Weather Research and Forecasting (WRF) model [5] . WRF, like other NWP models, has a wide range of physical parameterizations, providing the possibility to achieve high spatial and temporal resolutions. It is commonly assumed that the higher the resolution, the better the physical description and results will be. This should apply, for instance, to the representation of processes that lead to the formation of clouds. In turn, high resolutions are computationally very expensive. Therefore, an optimal spatial resolution may exist in solar forecasting.
This contribution evaluates the role of the WRF model's horizontal spatial resolution in the reliability of the DNI forecasts that it can (indirectly) generate. Additionally, the intentional use of spatial averaging of the gridded WRF-derived solar field to improve the model's accuracy is evaluated. The methodology applied is described first. A description of the forecast results is presented in a second step.
METHODOLOGY Observations and Evaluation Procedure
This study is conducted for the Andasol Solar Thermal Power Plant (37.228º N, 3.069º W; 1100 m.a.s.l.), Fig. 1 . Ten-minute DNI measurements are collected with an RSR2 radiometer. This instrument is well maintained and calibrated. Data for the 12-month period 01/12/2009 to 30/11/2010 were first corrected for spectral effects, and finally filtered with a series of quality control tests. For this study, irradiance values corresponding to solar zenith angles above 85º were filtered out to avoid the high measurement uncertainties associated with low-sun conditions. The original 10-minute data were also averaged to obtain hourly values. From a climatological standpoint, 2010 was an exceptionally rainy-and therefore cloudy-year.
Two forecast horizons are studied separately here: hours 1-24 (day 1, or "day ahead"), and hours 25-48 (day 2). Sky conditions are characterized by the clearness index (k t ) to separate clear-sky (0.65 < k t ), cloudy (0.4 ≤ k t ≤ 0.65) and complete overcast (k t < 0.4) conditions. The forecast reliability is objectively evaluated in terms of mean bias error (MBE) and root mean squared error (RMSE), and their relative values (in %), obtained by normalization to the mean of the ground measurement irradiance for the considered period. The forecast errors (residuals) are calculated as the difference between forecasted values and observations. A positive MBE is thus indicative of an overestimation of the modeled DNI. Finally, the trivial persistence model is used as the skill reference model.
WRF Configuration
The model's domain configuration is represented in Fig. 1 . The dynamical downscaling is driven by the use of four nested domains with progressively decreasing horizontal resolutions of 27, 9, 3, and 1 km for the outermost to innermost domains. The atmospheric column is decomposed into 28 vertical levels. The ECMWF/IFS weather forecasts are used as initial and boundary conditions. For each day of the evaluation period a WRF (ARW, version 3) simulation of 60 hours is run. The first 12 forecasted hours are considered as model spin up, and discarded. The next 48 hours are evaluated independently for the first and second 24-hour periods. The WRF parameterizations are selected based on [6] . In particular, Dudhia's scheme is used for the shortwave radiation parameterization.
DNI Derivation
NWP models (e.g., WRF) do not usually provide DNI as an output variable. Therefore, DNI needs to be derived in a post-processing step based on WRF's comprehensive forecasted information and an external radiative model [4, 7] . Recent studies have rigorously analyzed the performance of a large set of different radiative models [8, 9] . Results showed that meteorological radiative models achieve a very high performance in DNI estimation under clear-sky conditions. In contrast, statistical/empirical models show lower performance but more simplicity. Since this work focuses on the WRF aspects related to cloud modeling, the simplest way to derive DNI is preferred; nevertheless better results can be expected by using the first kind of radiative models mentioned above [10] . An empirical statistical model [11] is simply applied here to obtain DNI from the WRF global horizontal irradiance (GHI) forecasts. Figures 2 and 3 show the performance results for the day-ahead forecast horizon over the whole 12-month period. Extremely large errors are obvious for complete overcast conditions (Fig. 2) . Since DNI is very sensitive to the presence of clouds, any misrepresentation of cloudiness-in either space or timein the model's predictions may cause significant errors. The high variability of cloud type and cloud amount enhances this effect. The most important result is that the errors (RMSE and MBE) increase with spatial resolution, contrarily to what would have been expected. An interesting exception is the case of clear-sky conditions, under which the RMSE decreases (Fig. 3) . These results mean that clouds are not better resolved at higher spatial resolution by the model, at least in terms of their effect on solar radiation. In contrast, under cloudless conditions the topographic effects, which are better resolved at finer resolutions, become more relevant. This is of particular interest to CPV, since this technology can normally be installed on uneven terrain. MBE is found positive in all cases. Under clearsky conditions, WRF tends to overestimate both GHI and DNI, most probably because of a too low aerosol optical depth (AOD) in the model. This overestimation also occurs under cloudy conditions, which means that the model predicts less cloudiness than will occur in reality. Nevertheless, it is important to note that the WRF-based DNI forecasts most generally outperform the persistence model.
RESULTS

Dependence On Horizontal Resolution
FIGURE 2.
Relative errors of the DNI day-ahead forecasts over the complete data period. For RMSE, the orange color corresponds to clear skies, the green color to cloudy conditions, the blue color to complete overcast, and the red color to all-sky conditions. The inner bars indicate the MBE. The persistence model errors are indicated by horizontal segments: red for RMSE and blue for MBE. The dependence of the forecast performance on the forecast horizon is an important topic, since energy sales in the daily electricity market must be made ≈24 hours early. From this standpoint, the second day of forecast may be more important than the first one. Figure 4 compares the performance results of DNI forecasts according to time horizon (24h vs. 48h), for all possible spatial resolutions. These results show that the DNI forecasts are remarkably stable over time. Both forecast horizons exhibit similar dependence on spatial resolution. It should be pointed out that these results correspond to raw model outputs.
Better performance is achievable in DNI forecasts with post-processing, as demonstrated in the next section. Moreover, the exceptionally rainy conditions that prevailed during the study period can explain a part of the large errors. 
Spatial Averaging (Post-Processing)
The inability of the WRF model to simulate highfrequency spatial-temporal cloud changes (thus, DNI changes) can be worked around by applying a spatial filtering algorithm. In particular, DNI values are gathered from the model's grid by averaging the DNI forecasts over windows of varying incremental size, with the target station always at the center of these windows. Spatial averaging of the predicted solar radiation is a commonly used filtering technique to remove the high-frequency variability in forecasts. Figure 5 shows the performance results for the 48h forecast horizon. Both MBE and RMSE are reduced by the spatial averaging process, for all initial spatial resolutions. This improvement depends on spatial resolution. The best results are obtained again for the coarser initial resolution (27 km) using an averaging window of 100x100 km. These results are in agreement with previous findings [3] . Figure 6 shows how sky conditions (clear vs. cloudy) affect the performance of the spatial averaging. Under clear skies, the post-processing step is not as effective as it is under cloudy conditions. 
CONCLUSIONS
DNI forecasts based on the WRF model are analyzed with respect to the performance impact of two important aspects of the model's optimization: horizontal spatial resolution, and spatial averaging of the model's outputs. A complete 12-month period of DNI forecasts are evaluated against measurements collected at a solar power plant in the southeast part of the Iberian Peninsula.
Results show that an increase in spatial resolution does not enhance the reliability of the WRFbased DNI forecasts, except under clear-sky conditions. Therefore, clouds are not resolved better (in space or time) at higher resolution, from the standpoint of solar radiation forecasting. It is possible that the independent column approximation that is usually assumed in this kind of model limits the performance of solar radiation forecasts at high spatial resolutions. Another source of error results from the use of a simple empirical model to derive DNI from global irradiance.
Spatial averaging (in post-processing) notably reduces errors. The best results are obtained for the coarser domain (27 km) and spatial averaging of approximately 100x100 km. Cloud representation at high spatial resolution is a big issue for WRF (or for any NWP model). Further research is needed to improve cloud parameterizations in WRF, and how DNI can be directly derived from them. For CPV applications, additional research should investigate the forecasting of spectral irradiance based on advanced WRF radiation schemes possibly coupled with external radiative models providing spectral information (e.g., SMARTS).
